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WEB-SCALE ENTITY RELATIONSHIP
EXTRACTION THAT EXTRACTS

PATTERN(S) BASED ON AN EXTRACTED
TUPLE

BACKGROUND

The World Wide Web (Web) has been ever growing and
rapidly expanding since 1ts inception. Additionally, since the
widespread household use of personal computers, the Web
has gained popularity among consumers and casual users.
Thus, it 1s no surprise that the Web has become an enormous
repository of data, contamning various kinds of valuable
semantic information about real-world entities, such as
people, organizations, and locations. For example, many Web
documents available through the Internet may contain infor-
mation about real-world relationships that exist between
people, groups, and/or places. Unifortunately, these relation-
ships may not always be automatically discoverable, auto-
matically identified, or even searchable.

In many cases, these relationships may only be manually
detected. However, due to the amount of data currently avail-
able over the Web, manual entry of such relationship 1denti-
fication would be too time consuming to allow for the effec-
tive creation of a web-scale relationship graph. Yet, such a
graph would be invaluable for searching previously undiscov-
erable and, thus, un-extractable relationship information.

Unfortunately, adequate tools do not exist for effectively
detecting and extracting entity relationship information from
the Web. Existing extraction tools merely 1dentity and extract
information based on pre-specified relations and relation-
specific human-tagged examples. Accordingly, there 1s a need
for relationship extraction systems and methods that are
robust enough to 1dentity new relationships and handle Web-
scale amounts of data.

BRIEF SUMMARY

This summary 1s provided to introduce simplified concepts
for Web-scale entity relationship extraction, which are further
described below 1n the Detailed Description. This summary 1s
not mtended to identity essential features of the claimed
subject matter, nor 1s 1t intended for use 1n determining the
scope of the claimed subject matter. Generally, the Web-scale
entity relationship extraction described herein involves using
discriminative and/or probabilistic models to discover and
extract enftity relationships that exist in data corpora made-up
of documents such as Web documents.

In one aspect, Web-scale entity relationship extraction may
be effectuated by recerving relationship seeds and an 1nitial
model as 1mputs to an iterative process. In this context, rela-
tionship seeds may be 1itial relation tuples (1.e., ordered lists
of relationship data) containing identification of grven entities
(such as people, groups, or places) and their relationships
(described with keywords). Additionally, the 1nitial model
may be empty or 1t may be a discriminative Markov Logic
Network (MLN) model or other discriminative and/or proba-
bilistic model for modeling an extraction technique. The rela-
tionship seeds may be made up of entities found in a data
corpus and/or one or more relation keywords. During the
iterative process, new models may be learned, new tuples may
be extracted, new patterns may be generated and selected
from the extracted tuples, and the selected patterns may then
beused as inputs to iteratively learn new models. The iterative
process may 1dentily and extract new relationship tuples from
the data corpus until no new relationship tuples are extracted.
Additionally, the extraction task may be defined at the entity-
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level, the sentence-level, the page-level, and/or the corpus-
level. Finally, the extracted relationship tuples may be clus-
tered to connect same-type tuples and the relationship data
may be output for various purposes.

In another aspect, an incremental enftity relationship
extraction method may be configured to iteratively mine
entity relations from a data corpus and build an entity rela-
tionship graph based on the mined entity relationships. The
iterative entity relation mining may be accomplished by
extracting entity information from the data corpus and detect-
ing relationships between the entities found within the text of
the data corpus. The entities for which relationships are
mined may be people, locations, and/or organizations. The
data corpus may be made up of Web documents, Web pages
available over the Internet, documents available over any type
of network, or documents not available over a network at all
(e.g., locally stored documents).

In yet another aspect, an entity relationship extraction sys-
tem may be configured to iteratively receive relationship
seeds and an 1nitial model (which may be empty), learn a new
model based on the seeds and the 1nitial model, extract rela-
tionship tuples from a data corpus by applying the newly
learned model, generate patterns based on the extracted
tuples, assign weights to the generated patterns, and select
from the generated patterns based on the assigned weights.
The selected patterns may then be fed back into the iterative
system to allow for new models to be learned. Alternatively, 11
the mitial model 1s empty, the system may generate an 1nitial
model with which to begin the 1terative process. Additionally,
the system may be configured to cluster the extracted rela-
tionship tuples to connect relationships of the same type and
output the clustered relationship tuples for open information
extraction (Open IE). The model learning, relationship
extraction, weight assignments, and pattern selections may be
accomplished by discriminative MLN models, for example.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description 1s set forth with reference to the
accompanying figures. In the figures, the left-most digit(s) of
areference number identifies the figure 1n which the reference
number {irst appears. The use of the same reference numbers
in different figures indicates similar or 1identical 1tems.

FIG. 1 1s a block diagram of an 1llustrative entity relation-
ship graph.

FIG. 2 1s a block diagram of an illustrative method of
Web-scale entity relationships extraction.

FIG. 3 1s a flowchart 1llustrating details of the Web-scale
entity relationship extraction method of FIG. 2.

FIG. 4 1s a flowchart illustrating additional details of the
Web-scale entity relationship extraction method of FIG. 2.

FIG. 5 1s a block diagram of a computer environment
showing an illustrative system 1n which a Web-scale entity
relationship extraction system can be implemented.

FIG. 6 1s a block diagram of illustrative models for extrac-
tion based on intra- and inter-relationship dependency.

DETAILED DESCRIPTION

Overview

This disclosure describes Web-scale entity relation extrac-
tion. In particular, systems and 1terative bootstrapping meth-
ods are presented for inputting very minimal seeds (1.e., initial
data such as a set of given entities and their inter-relationship)
followed by learning discriminative models, extracting rela-
tionship information from a data corpus, generating patterns
based on the extracted data, and selecting patterns with higher
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weights. The iterative process may continue until no more
relationship data 1s extracted from the data corpus. Addition-
ally, the relationship data may be clustered to group relation-
ships of the same type prior to outputting the relationship
data. 5

As discussed above, entity relationships found within Web
documents, or documents existing on any type of information
network, are difficult to discover and extract automatically.
Even worse, traditionally, new relationships that arise
between entities are impossible to detect 1f they have not be 10
previously categorized. These problems, and the need for
accurate entity relationship detection and extraction, are com-
pounded by the ever increasing size of the Internet.

The techniques described 1n this disclosure may be used for
clifectively solving the foregoing problems by searching 15
documents (including Web pages) for known and new rela-
tionships between entities, iteratively extracting all entity
relationships found, and creating an entity relationship graph
that may be accessed and searched by users. Additionally, the
clusters that are output may be used for assigning new key- 20
words during Open IE when new relationships are found.
Open IE 1s a process ol identifying various new (or previously
unidentified) types of relationships without requiring the pre-
specification of relationship types.

Extracting entity relationships entails discovering and 25
extracting relationship tuples to form an entity relationship
graph. As discussed above, a relationship tuple 1s an ordered
list of elements. Specifically, a relationship tuple may be a
first entity, a second entity, and a list of keywords defining the
relationship(s) between the two entities. An iterative process 30
for extracting relationship tuples 1s disclosed which may
begin with a given relationship tuple and with or without an
initial model.

FIG. 1 depicts an 1llustrative relationship graph 100 that
may be formed from extracted relationship tuples and dis- 35
played to a user. By way of example only, this graph may
represent entity relationships discovered and extracted from
Web documents and then displayed in response to a user’s
query of the term “Gators.” The graph 100 includes several
entities 102 represented by circles and edges 104 connecting 40
the circles. As seen1n FIG. 1, each entity 102 may have at least
one edge 104 connecting to another entity 102. For ease of
explanation, each entity 102 1n FIG. 1 will be referenced by
the name within the circle.

Additionally, as can be seen 1n FIG. 1, enfities may be 45
ranked by relevance to a search query or by number of rela-
tionships extracted. For example, the “Gators™ entity 1s dis-
played in the graph 100 as the largest entity 102. This may be
because 1t represents the search term or because 1t has the
most edges 104 connecting 1t to other entities 102. Again, the 50
fact that the “Gators” entity has the most edges 104 connect-
ing other entities 102 may signify that the system and/or
methods of this disclosure have discovered and extracted
more relationships for “Gators” than for the other entities in
the graph. Additionally, as seen 1n FIG. 1, “Tim Tebow,” 55
“Urban Meyer,” and “Billy Donovan™ are the next largest
entities 1n size. This may be because they each contain the
next largest number of edges 104 1n the graph.

In one aspect, the relationship graph 100 may be displayed
on an output device such as a monitor 1n response to a user 60
query. Additionally, as part of a graphical user interface
(GUI), when a user places a cursor (not shown) over an edge
104, specific relationship information may be displayed. For
example, 11 a user’s cursor were placed on the edge 104
between the entities of “Al Horford” and “Corey Brewer,” the 65
GUI may display relationship 106. In this example, relation-
ship 106 may be “NBA Players™ because the relationship

4

extraction determined that both Al Horford and Corey Brewer
are current NBA players. In another example, relationship
108 may display “Coaches” when a cursor hovers over the
edge 104 connecting the entities of “Ron Zook™ and “Steve
Spurrier” because the relationship extraction determined that
both Ron Zook and Steve Spurrier are current coaches. In yet
another example, relationship 108 may also display “Past
Coaches” (not shown) based on the extracted data that 1ndi-
cates that both Ron Zook and Steve Spurrier previously
coached, but no longer coach, the Gators.

FIG. 1 provides a simplified example of a suitable relation-
ship graph formed based on a Web-scale entity relationship
extraction according to the present disclosure. However,
other configurations and alternative graphical representations
are also possible. For example, while the enfities 102 are
represented as circles, they may be displayed by the GUI as
any shape. Further, while the query and, subsequently, the
displayed graph in FIG. 1 corresponded to a “Gators™ query,
a query for any entity (person, group, or location) would also

be supported.
[llustrative Web-Scale Entity Relationship Extraction

FIG. 2 1s an illustrative block diagram illustrating Web-
scale entity relationship extraction 200. By way of example,
and not limitation, Web-scale entity relationship extraction
200 may 1include three parts, mput P,, statistical extraction
model P,, and output P,. One task of Web-scale entity rela-
tionship extraction 200 may be to 1dentily relation tuples, for
example (e,, ¢, key) 1#), where e, and e, are two entities, key 1s
a set of keywords that indicate a relationship, and 1 and
represent indices. Additionally, Web-scale entity relationship
extraction 200 may be configured, assuming that the entities
are given, to detect relationships (i.e., decide whether a rela-
tionship exists between two entities) and categorize the rela-
tionships (1.€., assign relation keywords to a detected relation-
ship) between entities found 1n a data corpus.

The mput P, may contain a set of seeds 202 and an initial
model 204. The seeds 202 may or may not contain relation
keywords that indicate the relationships between the entities.
Thus, two types of seeds 202 exist: seeds 202 with relation
keywords such as (e, e,, key) and seeds 202 without relation
keywords such as (e;, €4, 7). Stmilarly, the mitial model 204
may contain a model such as a discriminative MLIN model, or
it may be empty. If the immitial model 204 1s empty, the Web-
scale entity relationship extraction 200 may first use the seeds
202 to generate extraction patterns in order to start the itera-
tive process (the statistical extraction model) P,. On the other
hand, 11 the initial model 204 1s designated, the statistical
extraction process P, may begin by using the initial model
204 and the supplied seeds 202.

The statistical extraction model P, may contain up to five
operations including, but not limited to, augmenting the seeds
at block 206, learning a model at block 208, extracting at
block 210, generating patterns at block 212, and selecting
patterns at block 214. Augmenting the seeds at block 206 may
involve finding more seeds within a document or data corpus
prior to beginning the iterative statistical extraction model P.,.
In one aspect, augmenting the seeds at block 206 may apply
strict keyword matching rules 1n order to get high quality
training seeds for the model P,.

By way of example, and not limitation, each round of the
iterative model P, may begin with learning a model at block
208. In the first round of the iterative model P, learning a
model at block 208 may use the input seeds 202 and the initial
model 204 (whether supplied or empty) to learn an extractor.
However, 1n later rounds of the iterative model P, the input
seeds 202 and the initial model 204 may be replaced by
patterns which are generated and selected (described below).
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In any event, learning a model at block 208 may be accom-
plished by applying an 1,-norm regularized maximum likeli-
hood estimation (MLE) to learn new extraction models for
extracting relationships from the data corpus. Additionally, 1n
one aspect, batch learning may be applied, while 1n another
aspect on-line learning may be used 1n learning a model at
block 208.

By way of example, and not limitation, extracting at block
210 may follow learning a model at block 208. Additionally,
extracting at block 210 may include using the model learned
in learning a model at block 208 to extract new relation tuples
from the data corpus. As described 1n detail below, probabi-
listic models may be used 1n extracting at block 210 to extract
relationships from at least three different levels: an entity-
level, a sentence-level, and a page- or corpus-level.

By way of example only, generating patterns at block 212
may follow extracting at block 210 by generating new extrac-
tion patterns based on the newly 1dentified relation tuples. In
other words, the relation tuples extracted during extracting at
block 210 may be used to generate new extraction patterns
during generating patterns at block 212. Additionally, these
generated patterns may be used to compose formulae of
MLN.

Also by way of example only, selecting patterns at block
214 may follow generating patterns at block 212. In selecting
patterns at block 214, the recently composed MLN formulae
may be ranked and/or weighted based on a probability of
whether the formulae are true. In 1,-norm regularized MLE
pattern selection at block 214, every formulae gets a weight
which indicates the strength of the truth of the formulae. The
1, -norm training algorithm may tend to set the weight of low
confidence formulae to zero, and these formulae may be
discarded during selecting patterns at block 214. In one
aspect, the formulae are weighted using an 1, -norm regular-
1zed MLE, which may set some formulae’s weights to zeros.
Additionally, zero-weighted formulae may be removed from
the formula list such that only non-zero-weighted formulae
are used for further processing. Once ranked and/or weighted,
selecting patterns at block 214 may select appropnately
ranked and/or weighted formulae (1.e., the generated patterns)
to be added to the probabilistic model and retrained by learn-
ing a model at block 208. In this way, by retraining (1.€., using
learning a model at block 208 to learn new models based on
the selected patterns), the iterative model P, may continue to
identily and extract entity relationships until no new extrac-
tion tuples are identified and/or no new patterns are gener-
ated.

The output P; may be used for generating relationship
graphs and/or accomplishing Open IE and may include rela-
tion clustering at block 216 and a final set of relationships
218. For example, when the Web-scale entity relationship
extraction 200 1s configured to perform Open IE, the extrac-
tion results from the 1terative model P, may be general rela-
tion tuples. To make the results more readable, the output P,
may apply relation clustering methods at the relation cluster-
ing at block 216 to group the relation tuples and assign rela-
tion keywords to them. In this way, the missing keywords
from P,, 1f any, may be filled-1n here to arrive with the final set
of relationships 218 including such relationship tuples as (e;,
¢,, key,)and (¢,, ., key,). Additionally, any extracted tuples
that may be missing keywords may be filled-in as well.

Additionally, and also by way of example and not limita-
tion, the input P1, the iterative model P2, and the output P3 are
shown 1n FIG. 1 as three separate parts; however, they may be
considered 1n any combination, such as but not limited to,
being implemented as one part. Additionally, the output P3
and the 1terative model P2 may be effectively implemented as
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one iterative model P2 (not shown as such). In that case, the
relation clustering at block 216 may be performed during
cach iterative pass through the iterative model P2. Further,
although not shown 1n FIG. 2, after the relation clustering at
block 216, the relationship tuples with newly formed key-
words may be fed back into the relationship extraction 200 for
turther processing based on the new keywords.

In one aspect, the Web-scale entity relationship extraction
200 may 1teratively solve an 1, -norm regularized optimization
problem based on the following equation:

P:wH*=arg min LL(D,R,w)+A|w|, (1)

where LL (D, R, w) may be the loss defined on the corpus D
given a set of patterns (which may be represented as formulae
in the probabilistic model) R and the model weights w; and
|.||; 1s the 1,-norm. The data corpus D and pattern set R may be
updated at each iteration. For D, the change may be that new
relation tuples may be identified. For R, the change may be in
the sense that new patterns may be added. For the problem P,
in one aspect, the loss may be the log-loss as typically used in
probabilistic models. However, 1n another aspect, the loss for
the problem P may be the hinge loss as typically used in
support vector machines. Additionally, the 1,-norm regular-
1zed MLE problem may yield a sparse estimate by setting
some components of w to exact zeros and may use a solver
like the Orthant-Wise Limited-memory Quasi-Newton
method, or any other known solvers.

FIG. 2 provides a simplified example of a suitable Web-
scale entity relationship extraction 200 according to the
present disclosure. However, other configurations are also
possible. For example, as noted above, while three parts of the
extraction are shown, namely P1, P2, and P3, any number of
parts could be used. Additionally, while a specific number of
steps are shown 1n each part, more or less steps 1n any order
may be implemented to effectuate the disclosed relationship
extraction 200. Further, while specific probabilistic and/or
discriminative models are discussed regarding specific steps
of the extraction 200, any probabilistic model, discriminative
model, generative model, or combinations of any of the fore-
going, or the like, may be used.

FIG. 3 1s a flow diagram of one 1llustrative method 300 for
implementing Web-scale entity relationship extraction 200.
As discussed above, Web-scale entity relationship extraction
200 may be responsible for identifying and extracting real-
world entity relationships from within documents, including
Web documents. In this particular implementation, the
method 300 may begin at block 302 1n which the method 300
may receive various seeds from an input device. Generally, as
noted above, the seeds may contain two different types of
entities (e.g., people, places, or groups) and may or may not
contain an 1nitial model.

At decision block 304, the method 300 determines whether
to augment the seeds. Augmenting the seeds may entail
applying strict keyword matching rules to find more seeds
than mput. By way of example, and not limitation, an 1nitial
seced may contain the relationship (Bill Gates, husband,
Melinda Gates). Under strict keyword matching rules, the
method 300 may apply the pattern “A 1s the husband of B” in
an attempt find matches among all the sentences to locate
more husband relationships, where A and B stand for arbi-
trary person names. If the method 300 encounters the sen-
tence, “Bill Clinton 1s the husband of Hillary Clinton,” the
method 300 may augment the seeds by adding the relation
tuple (Bill Clinton, husband, Hillary Clinton). Thus, strict
keyword matching can make for accurate, yet relatively mini-
mal results, and therefore, 1t may be used by the method 300
at block 304 to acquire more accurate seeds. Method 300 may
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determine, based on preset rules and the number and type of
seeds mput at block 302, whether to augment the seeds or,
alternatively, a user or admimstrator may determine whether
to augment the seeds. If seed augmentation 1s to be per-
formed, the method 300 augments the seeds by finding more
seeds to augment the originally iput seeds at block 306.
Again, seed augmentation may be performed by using strict
keyword matching rules; however, 1t may also be performed
by using any of the probabilistic and/or discriminative models
described herein.

Whether seed augmentation 1s performed at block 306 or
not, at decision block 308, the method determines whether an
initial model 1s present. For example, the input may, or may
not, include an MLN extraction model or other type of extrac-
tion model. If the imitial model 1s present, the method 300 may
determine, at decision block 310, whether a keyword 1s
present within the 1mitial seed tuples. For example, as noted
above, some 1mtial seeds may contain keywords while other
initial seeds may not. If no keywords exist among the relation
tuples, the method 300 may input the keywordless seeds and
the 1mitial model 1nto the 1terative model P, of FIG. 2 at block
312 and continue to A 1n FIG. 4. Additionally, 1f keywords do
ex1ist within the relation tuples, 1.e., (e,, €,, key), the method
300 may input the seeds (which include the keywords) and the
initial model into the iterative model P, of FIG. 2 at block 314
and also continue to A 1n FIG. 4. Here, regardless of whether
keywords are present, the method 300 may continue 1n the
same fashion because 1n both instances the 1nitial model 1s
present.

On the other hand, 11 the mitial model 1s not present, the
method 300 may determine, at decision block 316, whether a
keyword 1s present within the initial seed tuples. For example,
as noted above, some 1nitial seeds may contain keywords
while other mitial seeds may not. If no keywords exist among,
the relation tuples, the method 300 may input the keywordless
seeds 1nto the iterative model P, of FIG. 2 at block 318 and
continue to B in FIG. 4. Additionally, if keywords do exist
within the relation tuples, 1.e., (¢,, €,, key), the method 300
may mput the seeds (which include the keywords) into the
iterative model P, of FIG. 2 at block 320 and also continue to
B 1n FIG. 4. Here, regardless of whether keywords are
present, the method 300 may continue 1n the same fashion

because 1n both instances the initial model 1s not present and
may need to be learned prior to beginning the iterative model

P,

FI1G. 4 1s a tlow diagram 1llustrating additional details of
method 300 for implementing Web-scale entity relationship
extraction 200. In this particular implementation, the method
300 may continue at either block 402 or 404 based on the
determination made at decision block 308 of FIG. 3. If the
method 300 had previously determined that an 1nitial model
was present, the method 300 may proceed to block 402 to
extract new relation tuples. However, 1f the method 300 had
previously determined that no initial model was present, the
method 300 may proceed to block 404 to learn a new extrac-
tion model.

As noted above, the 1terative model P, may, but need not
necessarily, begin by learming a model. In this aspect, as seen
in FIG. 4, an 1terative process may begin at block 404 11 no
initial model was given or 1t may begin at block 404 1f an
initial model was supplied. In any event, after the method 300
proceeds to block 402 1t may apply an 1,-norm regularized
maximum likelihood estimation (MLE) to accomplish the
extraction model learning at block 406. Once a new model 1s
learned through application of the MLE, or in the case when
an 1nitial model was supplied (see above), the method 300
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may continue to extract new relation tuples based on the
learned (or supplied) extraction model at block 402.

At decision block 408, the method 300 may determine
whether new relation tuples have been 1dentified from among
the data corpus (1.e., whether additional relationships were
extracted on the last pass of the iterative model P, ). If new
relation tuples were identified at decision block 404, the
method 300 may generate extraction patterns at block 410 by
applying an 1,-norm regularized MLE at block 412. The
applied I, -norm regularized MLE may also be responsible fo
setting some weights of the newly generated extraction pat-
terns to zero at block 414. The method 300 may then remove
the zero weighted formula at block 416 1n order to eliminate
low probability patterns from being used by the iterative
model P,. Additionally, the method 300 may then select all
other patterns at block 418, 1.¢., only the patterns with a high
probability of relevancy are selected, and pass those patterns
back to block 404 for learning of additional new extractors.

In the alternative, 1f at decision block 408 1t was determined
that no new relation tuples were 1dentified, the method 300
may exit the iterative model P, and continue to the output
phase P,. At decision block 420, the method 300 may deter-
mine whether to output relationship information. If not, the
method 300 may terminate by creating a relationship graph at
block 422 based on the relationship information extracted
from the data corpus. In this case, a relationship graph similar
to that seen 1n FIG. 1 may be created and stored 1n a computer
readable medium. If, however, 1t 1s determined to output the
relationship information, the method 300 may cluster all the
relationship tuples at block 424. Relationship clustering may
be effectuated by grouping all similarly typed tuples together.
Additionally, the method 300 may then create keywords at
426 for all tuples that are missing keywords. In this way, new
categories of relationships may be created that were detected
but not previously categorized. Finally, the method 300 may
terminate by creating a graph as discussed above; however,
this graph may be more complete as 1t may contain new,
previously unnamed relationships.

[lustrative Computing Environment

FIG. § provides an illustrative overview of one computing,
environment 500, 1n which aspects of the invention may be
implemented. The computing environment S00 may be con-
figured as any suitable computing device capable of 1imple-
menting a Web-scale entity relationship extraction system,
and accompanying methods, such as, but not limited to those
described 1n reference to FIGS. 1-4. By way of example and
not limitation, suitable computing devices may include per-
sonal computers (PCs), servers, server farms, datacenters, or
any other device capable of storing and executing all or part of
the extraction methods.

In one illustrative configuration, the computing environ-
ment 500 comprises at least a memory 502 and one or more
processing units (or processor(s)) 504. The processor(s) 504
may be implemented as appropriate 1n hardware, soiftware,
firmware, or combinations thereol. Software or firmware
implementations of the processor(s) 504 may include com-
puter-executable or machine-executable instructions written
in any suitable programming language to perform the various
functions described.

Memory 502 may store program instructions that are load-
able and executable on the processor(s) 504, as well as data
generated during the execution of these programs. Depending
on the configuration and type of computing device, memory
502 may be volatile (such as random access memory (RAM))
and/or non-volatile (such as read-only memory (ROM), flash
memory, etc.). The computing device or server may also
include additional removable storage 506 and/or non-remov-




US 8,504,490 B2

9

able storage 508 including, but not limited to, magnetic stor-
age, optical disks, and/or tape storage. The disk drives and
their associated computer-readable media may provide non-
volatile storage of computer readable instructions, data struc-
tures, program modules, and other data for the computing
devices. In some implementations, the memory 502 may
include multiple different types of memory, such as static
random access memory (SRAM), dynamic random access
memory (DRAM), or ROM.

Memory 502, removable storage 506, and non-removable
storage 508 are all examples of computer-readable storage
media. Computer-readable storage media includes, but 1s not
limited to, volatile and non-volatile, removable and non-re-
movable media implemented 1n any method or technology for
storage of mformation such as computer-readable 1nstruc-
tions, data structures, program modules or other data.
Memory 502, removable storage 506, and non-removable
storage 508 are all examples of computer storage media.
Additional types of computer storage media that may be
present include, but are not limited to, phase change memory
(PRAM), SRAM, DRAM, other types of RAM, ROM, elec-
trically erasable programmable read-only memory (EE-
PROM), tlash memory or other memory technology, compact
disc read-only memory (CD-ROM), digital versatile disks
(DVD) or other optical storage, magnetic cassettes, magnetic
tape, magnetic disk storage or other magnetic storage devices,
or any other medium which can be used to store the desired
information and which can be accessed by the server or other
computing device. Combinations of any of the above should
also be included within the scope of computer-readable stor-
age media.

The computing environment 500 may also contain com-
munications connection(s) 510 that allow the computing
environment 500 to communicate with a stored database,
another computing device or server, user terminals, and/or
other devices on a network. The computing environment 500
may also include input device(s) 512 such as a keyboard,
mouse, pen, voice input device, touch mput device, etc., and
output device(s) 514, such as a display, speakers, printer, etc.

Turning to the contents of the memory 502 1in more detail,
the memory 502 may include an operating system 516 and
one or more application programs or services for implement-
ing Web-scale enftity relationship extraction including a
probabilistic MLN model module 518. The probabilistic
MLN model module may be configured to perform joint
inference to learn extraction model weights with a sphere
(Gaussian prior, or equivalently the 1,-norm penalized MLE,
to avoid over-fitting.

A first-order knowledge base may contain a set of formu-
lae, which may be constructed using constants, variables,
functions, and predicates. Constants may be the objects (e.g.,
entities and tokens) in the interested domain and vaniables
range over the objects. For example, “Bob” and “Jim” may be
two people entities, and “killed” may be a token. Addition-
ally, e and t may be variables which may denote an entity and
a token, respectively. A function may be a mapping from a set
ol objects to objects (e.g., MotherOfi(e,)) and a predicate may
represent a relation among objects (e.g., HasRelation(e,, €;) or
some attributes (e.g., IsPeople(e,)). An atom may be a predi-
cate applied to a set of arguments, which may be constants or
variables. If an atom’s arguments are all constants, it may be
a ground atom. A world may be an assignment of truth values
to all possible ground atoms.

If a world violates one formula, 1t may potentially be
impossible. Thus, the formulae 1n a first-order logic may be
viewed as a set of hard constraints on the possible worlds.
Markov logic 1s a probabilistic extension and softens the hard
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constraints by assigning a weight to each formula. The weight
may 1ndicate the strength o the corresponding formula. How-
ever, when a world violates some formulae (e.g., more than
one) 1t may potentially be less impossible, but may not be
impossible. For the task of enfity relation extraction, the
probabilistic MLN model module 518 may be configured
with the query predicates and the evidence predicates already
stored. Thus, the probabilistic MLN model module 518 may
partition the ground atoms 1nto two sets—the set of evidence
atoms X and the set of query atoms Q, and define a discrimi-
nattve MLN. X may be all the possible features that can be
extracted from the 1mputs, and (Q may be all the relationship
queries R(e,, €;), Vi=j and keyword detection queries InField
(t, ) V , . Given an input x (e.g., a sentence and its features),
the discriminative MLLN may define a conditional distribution
p(qlx) as follows:

(2)

plglx)=

1 e
Z(w, x)exp[ >J >J wig (g, X) |,

ieFg jel;

where F ; 1s the set of formulae with at least one grounding
involving a query atom, G, 1s the set of ground formulae of the
ith first-order formula, and Z(w, X) 1s a normalization factor,
or partition function. Further, g(q, x) may be a binary func-
tion that equals to 1 11 the jth ground formula 1s true, and O
otherwise.

The memory 502 may further include an 1nitial seed and/or
model mput module 520. The initial seed and/or model input
module 520 may be configured to receive seeds and/or nitial
extraction models as mputs to the extraction system. As dis-
cussed above, seeds may be made up of a pair of different
entities (such as people, places, or groups) and may, or may
not, include relationship keywords. Additionally, the model
may be empty or it may contain an MLN model, a discrimi-
native model, a generative model, or combinations of the
foregoing, or the like. The initial seed and/or model mput
module 520 may receive seeds and/or models from a user,
programmer, and/or administrator of the system. In one
aspect, the seeds and/or models are recerved through an 1input
device and passed along to iterative methods of the extraction
system.

The memory 502 may further include a model learning
module 522 and a relation tuple extraction module 524. As
discussed above, the model learning module 522 may be
coniigured for use when no model 1s input 1nto the mitial seed
and/or model input module 520 or on subsequent 1terations of
the previously discussed iterative methods. Additionally, as
noted above, the model learning module 522 may be config-
ured to use an 1,-norm regularized MLE to learn new extrac-
tion models. The relation tuple extraction module 524 may be
configured to identily related entity pairs and detect the key-
words that indicate the relationships. Assuming that entities
are given, the relation tuple extraction module 524 may be
turther configured to predict whether two entities ¢€; and e,
have a relation R based on the probability p(R(e,, € j)IO) In
one aspect, the relation tuple extraction module 524 may be
configured to predict whether a token 1s a relation keyword
based on three possible fields (1.e., labels) to which a token
may belong. In one aspect, a token may only belong to one
field, either REL-S: the start of a relation; REL-C: a continu-
ation of arelation; or NULL: not a relation keyword. One task
of the relation tuple extraction module 524 may be to predict
in which field 1, the token t 1s most likely to belong 1n, based

on the probability p(InField(t, £)|O), where fe{REL-S, REL-
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C,NULL}, and O denotes the observations that are available
to make the prediction. In one aspect, based on discriminative
models, O can be arbitrary features of the inputs, e€.g., the next
content of a token or its neighboring tokens.

In another aspect, the relation tuple extraction module 524
may be configured to extract new relation tuples based on an
inference problem in probabilistic models such as MLLN mod-
cls. By way of example, and not limitation, 1f the current
MLN model 1s defined as M, tor each pair of entities (e,, €)),
the relation tuple extraction module 524 may use M to predict

whether a relationship exists between e, and e, with the prob-
ability p(R(e,, €,)Ix,;,, M). For each token t, the relation tuple
extraction module 524 may use M to predict whether t 1s a
relation keyword. Here, the query R(e,, ¢;,) may be a binary
predicate and may equal 1 if a relationship exists between e,
and e, and O otherwise. Thus, the relation tuple extraction
module 524 may use the probability p(R(e;, €,)Ix,;,, M) noted
above as a confidence measure of the identified new tuple and
only keep the candidate extraction (¢, €,) if p(R(e;, €)IX,;,
M)>c, where the higher ¢ values may indicate stricter deci-
sion rules. Additionally, for relation keyword detection, the
relation tuple extraction module 524 may query InField(t, 1)
and predict each token t to the label 1 which has the highest
probability, that 1s, f*=arg max p(InField(t, 1)Ix,, M).

The memory 502 may further include a pattern generation
module 526, and a pattern selection module 528. The pattern
generation module 526 may be configured to generate new
extraction patterns which may be used to compose the for-
mulae of MLNs. Generally, a good pattern should achieve a
good balance between two competitive criteria—specificity
and coverage. Specificity may mean that the pattern 1s able to
identify high-quality relation tuples, while coverage may
mean the pattern can 1dentily a statistically non-trivial num-
ber of good relation tuples. In one aspect, the pattern genera-
tion module 526 may be configured to apply probabilistic
models and render the pattern selection as the 1, -norm regu-
larized optimization problem P described above in relation to
FIG. 2. Thus, the pattern generation module 526 may be able
to treat strict keyword matching patterns and general patterns
identically. Also, by using general patterns, the pattern gen-
eration module 526 may be configured to perform Open IE.

The pattern selection module 528 may be configured to
assign weights to the patterns generated by the pattern gen-
eration module 526 and then select appropriate patterns based
on the weights to be used for retraining by the model learning
module 522. By way of example, and not limitation, the
pattern selection module 528 may apply the |, -norm regular-
ized MLE as defined in the problem P described above 1n
relation to FIG. 2 and perform discriminative structure learn-
ing. As noted above, the 1,-norm penalty encourages a sparse
estimate. In one aspect, the pattern selection module 528 may
be configured to first use the generated patterns to formulate
a set of candidate formulae of MLN. Then, the pattern selec-
tion module 528 may apply an algorithm to optimize the
l,-norm penalized conditional likelihood function as in the
problem P, which may yield a sparse model by setting some
formulae’s weights to zeros. The zero-weighted formulae
may then be discarded and the resultant model may be passed
to the next step for re-training by the model learning module
522.

The memory 502 may further include an output module
530 and a relationship clustering module 532. The output
module 530 may be configured to output the results of the
iterattve process when no more relationship tuples are
detected or extracted from the data corpus. In one aspect, the
output module 530 may send the relationship data for pro-
cessing. In another aspect, the output module 530 may send
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the relationship data to a relationship graphing module (not
shown) to form arelationship graph. In yet another aspect, the
output module 530 may send the relationship tuples to the
clustering module 532. The clustering module 532 may be
configured to receive relationship tuples that have been
extracted. In one aspect, the relationship clustering module
532 may be configured to group relationship tuples into cat-
egories such that relationships of the same type are grouped
together. In another aspect, the relationship clustering module
532 may be configured to add keyword names to extracted
relationship tuples that are missing keywords.

Illustrative Extraction Based on Intra- and Inter-Relationship
Dependency

FIG. 6 1s an 1llustrative block diagram 1llustrating models
for relationship extraction based on intra- and inter-relation-
ship dependency. By way of example, and not limitation, FIG.
6 includes three intra-relationship dependency levels, the
entity-level 600, the sentence-level 602, and the page/corpus-
level 604. Additionally, by way of example only, FIG. 6 also
includes one inter-relationship level 606 which includes a
hyper relationship 608 connecting several page/corpus-level
relationships A, B, and C.

The entity-level extraction 600 may be the simplest extrac-
tion model and may have a strong independence assumption
that determining whether two entities have a relationship 1s
independent of other entities. Additionally, the enfity-level
extraction 600 may also be independent of relation keyword
detection. Thus, by restricting all the formulae in MLN to
include only query predicates that appear ONLY ONCE, the
resultant MLN model may reduce to a logistic regression
(LR) model, and the distribution mn Eq. (2) may have the
factorized form: p(qIx)=IIL, p(R(e, e)Ix)IIp(InField(t,f,)
1X,), of which each component may be an exponential family
distribution.

Considering token dependencies 610, the sentence-level
extraction 602 treats a sentence as a whole input and may
joitly detect whether a pair of entities (1f any) 1n that sen-
tence have some relationship, and whether the tokens around
the entities indicate the relationship type. This may be pos-
sible, since 1n human languages, the words 1n sentences may
not be independent of each other to express a specific mean-
ing Thus, the independence assumption of the enfity-level
extraction model 600 may be too strong. By way of example,
and not limitation, FIG. 6 shows entities that may be at the
ends of a sentence, with the tokens in-between. In this
example, the tokens may be classified as relational keywords
by a linear-chain conditional random field (CRF).

As discussed above, 1n the sentence-level extraction model
602, entities and the tokens in the same sentence are not
independent. Without context tokens, however, the sentence-
level extraction model 602 may not be able to decide whether
two entities 1n a sentence have some relationship. On the other
hand, whether a token 1s a relation keyword may be dependent
on its surrounding tokens. For example, for the sentence
“Google forced to buy YouTube,” which contains the entities
“Google” and “YouTube,” the verb “buy” may indicate an
acquirement relationship between the two entities and the
verb “forced” may not be a relation keyword because the
following “buy” may be more likely to be a relation keyword.
However, the LR model may not be able to consider this
mutual dependence information. Thus, the sentence-level
extraction model 602 may need to apply the linear-chain CRF.
In this example, the MLN model may reduce to a linear-chain
CRF by defining the following first-order formulae:

InField(t,REL-S) Verb(t,, ,)=>InField(t,, ;,REL-C), (3)
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which may mean that when a token 1s the start of a relation
(REL-S), then the following verb 1s more likely to be a con-
tinuation of the relation (REL-C).

Considering sentence dependencies 612, the page/corpus-
level extraction 604 may jointly extract related sentences.
This may be possible because the sentences 1n a webpage or
a text document are not completely independent. Here, by
way of example, and not limitation, joint inference may be
applied to get globally consistent extraction results. As dis-
cussed above ML Ns may have the full power to jointly model
correlated data and, thus, sentence dependencies may be
taken 1nto account.

Finally, considering dependency among relationships 614,
the inter-relationship level extraction 606 may connect sec-
ond order relationships by way of hyper relationship 608.
Hyper relationship 608 may be capable of identifying rela-
tionships between relationships, rather than between entities.
By way of example, and not limitation, 1f separate sentences
are 1dentified—one stating that X 1s Y ’s “father,” and the other
stating that X 1s the “dad” of Y—during inter-relationship
level extraction 606 the hyper relationship 608 may extract
that there 1s a relationship between “father” and “dad.” Thus,
the hyper relationship 608 may identify the relatlonshlps
between the “father” and the “dad” relationships.

FIGS. 3-6 provide simplified examples of suitable methods
and systems for Web-scale entity relationship extraction.
However, other configurations are also possible. For example,
more or less modules may be present 1n the 1llustrative com-
puting environment of FIG. 5. Additionally, the modules
present may be configured to perform more or less functions
than described. Further, while the extraction levels of FIG. 6
are shown with specific numbers of entities, tokens, and rela-
tionships, more or less entities, tokens, and relationships may
be envisioned.

[lustrative methods and systems of Web-scale entity rela-
tionship extraction are described above. Some or all of these
systems and methods may, but need not, be implemented at
least partially by an architecture such as that shown in FI1G. 5.
It should be understood that certain acts in the methods need
not be performed 1n the order described, may be rearranged,
modified, and/or may be omitted entirely, depending on the
circumstances. Also, any of the acts described above with
respect to any method may be implemented by a processor or
other computing device based on mstructions stored on one or
more computer-readable storage media.

Conclusion

Although embodiments have been described 1n language
specific to structural features and/or methodological acts, 1t 1s
to be understood that the disclosure 1s not necessarily limited
to the specific features or acts described. Rather, the specific
teatures and acts are disclosed as illustrative forms of imple-
menting the embodiments.

What 1s claimed 1s:
1. A computer-implemented method of incremental rela-
tion extraction, comprising:
performed by one or more processors executing computer-
readable 1nstructions:
receiving a relationship seed comprising relationship
data and an initial model describing an entity relation-
ship from an mput device coupled to the one or more
Processors;
learning a new model describing an additional entity
relationship;
extracting a relation tuple comprising additional rela-
tionship data from a data corpus by applying the
newly learned model;
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generating one or more patterns based on the extracted
relation tuple; and
selecting at least one of the one or more patterns for

learning an additional new model.
2. The computer-implemented method of claim 1 itera-

tively performing the learning, the extracting, the generating,
and the selecting.

3. The computer-implemented method of claim 2 repeating,
the learning, the extracting, the generating, and the selecting

until no new relation tuples are extracted.

4. The computer-implemented method of claim 2 wherein
the learning comprises:

learning the new model based on the relationship seed and

the 1itial model during a first pass of the iterative pro-
cess; and

learning the new model based on the one or more selected

patterns during all subsequent passes of the iterative
process.

5. The computer-implemented method of claim 4 wherein
the extracting comprises using a logistic regression model at
an entity-level.

6. The computer-implemented method of claim 4 wherein
the extracting comprises using a linear-chain conditional ran-
dom field model at a sentence-level.

7. The computer-implemented method of claim 4 wherein
the extracting comprises using a discriminative Markov logic
network (MLN) model at a page-level, a corpus-level an
entity-level, and/or a sentence-level.

8. The computer-implemented method of claim 4 wherein
the mni1tial model 1s empty.

9. The computer-implemented method of claim 4 wherein
the mitial model comprises a discriminative Markov logic
network (MLN) model.

10. The computer-implemented method of claim 9 wherein
the recetved relationship seed comprises 1dentification of a
first entity and a second entity found 1n the data corpus.

11. The computer-implemented method of claim 10
wherein the selecting further comprises keeping a formula
with a non-zero weight of an 1, -norm regularized maximum
likelihood estimation (MLE).

12. The computer-implemented method of claim 1 wherein
the received relationship seed comprises identification of a
first entity and a second entity found 1n the data corpus and
one or more relation keywords.

13. The computer-implemented method of claim 1, further
comprising;

clustering the extracted relation tuples to connect same-

type relation tuples; and

outputting the clustered, connected relation tuples to an

output device coupled to the one or more processors.

14. The computer implemented method of claim 1, further
comprising performing open information extraction (Open
IE) to identity new relationship types.

15. The computer-implemented method of claim 1 wherein
the selecting comprises a structure learning problem of a
Markov Logic Network (MLN) model.

16. One or more computer-readable storage devices, stor-
Ing processor-executable mnstructions that, when executed by
a processor, perform acts for incremental entity relationship
extraction, the acts comprising:

iteratively mining entity relations from a data corpus using,
a Markov Logic Network (MLN) model comprising:

extracting entity information from the data corpus;
extracting a relation tuple from the extracted enfity
information based on a maximum likelihood estima-

tion (MLE); and
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generating one or more patterns based on the extracted a relation tuple extraction module, stored in the memory
relation tuple; and and executable on at least one of the one or more pro-
outputting a relationship graph based on extracted relation cessors, configured to extract a relation tuple from a data
tuples, the relationship graph having at least two entities corpus by applying the new model;
having at least two edges, the at least two edges con- 5 @ pattern generation module, stored in the memory and
nected to at least two different entities. executable on at least one of the one or more processors,

coniigured to generate one or more patterns based on the
extracted relation tuples; and

the pattern selection module, stored in the memory and
executable on at least one of the one or more processors,
configured to assign a weight to the one or more patterns
generated by the pattern generation module and select at
least one of the one or more patterns based on the

17. The one or more computer-readable storage devices of
claim 16, wherein the entities comprise people, locations,
and/or organizations.

18. The one or more computer-readable storage devices of 10
claim 16, wherein the data corpus comprises web documents
and/or web pages available through a global and/or public

RN iened weight to be iteratively input into th del
19. A system for implementing entity relation extraction A55151¢ weight to be iteratively input into the mode
comprising; 15 learning module.

20. The system of claim 19, wherein the model learning,
module, the relation tuple extraction module, and the pattern
selection module are configured to use a discriminative MLLN
model, the system further comprising:

20  arelationship clustering module, stored 1n the memory and
executable on at least one of the one or more processors,
configured to cluster the extracted relation tuples to con-
nect same-type relation tuples; and

an output module, stored 1n the memory and executable on

25 at least one of the one or more processors, configured to
output the clustered relation tuples.

memory and one or more processors;

an 1nitial seed and/or model mput module, stored 1n the
memory and executable on at least one of the one or
more processors, configured to recerve a relationship
seed and an initial model describing an entity relation-
ship;

amodel learning module, stored in the memory and execut-
able on at least one of the one or more processors,
configured to learn a new model describing an additional
entity relationship based on input from the 1nitial seed
and/or model input module or based on a pattern from a
pattern selection module; I I
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